Introduction
The choice of the right distribution for financial assets has kept academics and practitioners busy since decades. Numerous studies have emerged in this area and technological progress has benefited the interested community in terms of applicability and feasibility of techniques. Although distributionfitting is a well-researched topic, much remains to be discovered. Now, 50 years after Mandelbrot (1963) and Fama (1963) 1 have shown that asset returns may deviate significantly from a normal distribution, researchers are still debating the type of distributional class or model that best describes asset returns. The discussion on asset returns naturally includes property returns, given real estate is the largest asset class. Nevertheless, it is a special case as the liquidity of direct real estate is not comparable to that of securitized assets like stocks and bonds. Young and Graff (1995) , Young and Graff (1996) , and Young and Brown (2012) provide excellent reviews on the evolution of distribution discussions and its relation with real estate research. Additionally, their seminal influence in financial research has thrown critical light on the adoption of both the Modern Portfolio Theory (MPT) and the Efficient Market Hypothesis (EMH). They have made the following observation:
MPT and EMH seem to have been introduced into real estate to justify the use of particular statistical techniques and portfolio strategies rather than as a consequence of empirical analysis of investment return and risk characteristics. In science, the situation is generally reversed: theories are developed to explain observations. (Source: Young and Graff (1996) ) Especially Young and Graff (1995) explain the need to appropriately deal with the problematic aspects or strong assumptions underlying the MPT and EMH and how this relates to real estate.
The discussion surrounding the assumed distribution is generally a crucial part of any model.
Numerous studies show that real estate returns, like many other asset class returns, are non-normally distributed. This renders application of theories like the mean-variance portfolio optimization to real world data problematic and further fuels the concerns discussed above. Among others, Liu et al (1992) and Myer and Webb (1993) first provided evidence for this. Using non-normality in their MPT application, Byrne and Lee (1997) show that the National Council of Real Estate Fiduciaries (NCREIF) data is non-normal.
1 See Fama (1965a) and Fama (1965b) as well.
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Benjamin et al (2001), Maurer et al (2004) , and Coleman and Mansour (2005) also focus on the return (and risk) characteristics of real estate based on country-wise examinations.
It should be noted that the discussion on return distributions in finance is mostly related to securitized assets like stocks and bonds, which are mainly traded daily 2 . Accordingly, examinations normally center around the distribution of returns over time. This is in contrast to studies in the (direct) real estate return domain, where mostly the cross-section of returns is examined and discussed.
Not only have researchers reported deviations from normality, studies aimed at conducting detailed examinations and estimations of real estate return distributions were carried out as well. Among such studies, investigations using stable Paretian, or (α)-stable distributions (stable distributions in the following), are most dominant in this field. Notably, Fama and Mandelbrot already turned the focus on stable distributions 50 years ago during the emergence of return distribution discussions.
Nowadays, the use of stable distributions has become widely-accepted in real estate research with the initial application of the methodology to real estate return data by Young and Graff (1995) . The following are most important aspects of stable distributions: (i) data have a stable distribution if a linear combination of two random selections of the dataset has the same distribution, location, and scale parameters, and (ii) data should be parameterized more flexibly than normal distributions.
The normal distribution is a special case of the stable distribution and all other distributions may be well approximated by a stable distribution model, as reported in Rachev and Mittnik (2000) for example. The need for a better fitting model for financial data to represent the perceived departure from normality led to the usage of a more comprehensive class of distribution.
Furthermore, we use stable distributions as well and add to the literature in this field by examining a global dataset initially containing over one million observations. Like previous researchers, we find that the data is very well represented by the chosen stable distributions. Our findings remove the uncertainties surrounding time-variability, especially regarding the tail-weights of distributions. We find strong evidence that is in line with more recent findings by Richter et al (2011) and Brown (2012) , which are in contrast to the earlier notions on constant tailedness over time.
Additionally, we present the findings on a global scale, where parameter results can be compared between sectors and countries. We find significant differences as a result of this exercise.
The paper is organized as follows. Stable distributions and related studies on real estate returns are discussed in the next section. In the third section, the real estate model is described, and data 2 See McCulloch (1996) , Rachev and Mittnik (2000) , and Rachev (2003) among others.
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and estimation methods are explained. Empirical results and implications are presented in the fourth section. The fifth section concludes and provides an outlook on future research.
Stable distributions and their use in real estate research
The use of stable distributions in real estate research goes back to Young and Graff (1995) , who used stable distributions for the NCREIF database 3 . They found that the stable distributions capture the return structure much better than normal distributions. Follow-up studies in this area have been provided by Graff et al (1997) , Young et al (2006) , Young (2008) , Richter et al (2011) , and Young and Brown (2012) , among others. Based on McCulloch (1986) , studies until 2011 used quantile-regression approaches to estimate the parameters. All authors report that stable distributions fit the data very well. Interestingly, earlier studies concluded that the characteristic exponent-which defines the tailweight of the distributions-is constant over time and across various types of property. This was contradicted later by Richter et al (2011) and Young and Brown (2012) , where considerable variation in the characteristic exponent was reported over time. Results of the newer studies, which show differences over time, appear to be robust to the method of estimation: While the latter use maximum-likelihood estimation (MLE), the former use a quantile-regression approach. A third possibility is to estimate the parameters by using the characteristic function, as explained and compared in Rachev et al (2007) .
Stable distributions in general can be best described by their characteristic function-the inverse Fourier transform of the probability density function. One of the most used parameterizations for a stable random variable X S (α, β, σ, μ) 4 is found in Samorodnitsky and Taqqu (1994) :
3 Russell-NCREIF at that time. 4 Samorodnitsky and Taqqu (1994) provide the α-stable random variable notation X ∼ Sα (σ, β, μ) as well. We keep the initial notation with all parameters within brackets.
5 The function is discontinuous, with iμy− | σy | 1 − iβ 2 π sign (y) ln | y | for α = 1.
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While Levy (1934) initially reported the stable class of probability distributions, Khintchine (1937) later demonstrated that stable distributions are among the class of infinitely divisible distributions.
Unlike normal distributions that cannot exhibit heavy tails and skewness, stable distributions allow for a large variety of shapes and structures. The four parameters defining the shape of a stable distribution can be described as follows:
First, the characteristic exponent, α, called the index of stability or stable index, determines the weight of the distribution's tails. For values of α lower than 2, the shape of the distribution is more peaked at the location parameter and exhibits fatter tails. A parameter value of 2 corresponds to the tail index of a normal distribution (no mean exists for α < 1). Second, the parameter β, which is bound between −1 (skewed to the left) and +1 (skewed to the right), determines the distribution's skewness and indicates whether the occurrence of returns is more probable for negative or positive realizations.
Third, the parameter δ scales the distribution and is often seen as a generalized standard deviation.
Fourth, as would be the case with any other commonly used distribution, the location parameter μ is responsible for shifting the distribution's peak to the left (μ < 0) or the right (μ > 0).
As mentioned above, the parameters could be estimated by using MLE, quantile-regression, or characteristic function approaches. While Young and Brown (2012) Young and Graff (1995) and other authors of studies mentioned in section 2 employ a real estate return model where the returns are simply explained by the specific sector. This means that for each property, p, the average return, μ t , of the respective sector of properties, h, with the same usage is included to explain the variation in the return r of a given year t:
The residual, or property-specific deviation, ε t (p), is assumed to be stable distributed. Moreover, the estimations are not based on the unadjusted property returns, but on the sector-corrected property returns. Although this is only a rough filtration of the returns, it fulfills the desired removal of structural effects in property returns. Regarding expected geographical influences, Young and Graff (1995) and specific events in various markets in certain years.
To account for these possibly large differences, it is natural to follow the standard real estate model such that the return of each property in a given year is de-meaned not by the global average return in the respective sector, but the average return in the respective sector in the respective country, h c : 4 Empirical Results
Total Return Results
Estimation of parameters over the years 1993 to 2012 was in general very successful. The characteristic function method turned out to be highly efficient for estimation. There is absolutely no indication of poorer fits for markets containing, say 150 observations, when compared to fits done with 1,500 observations. Tables 1 to 5 In order to get an indication about how different the distributions may be, and to have an intuition for the parameter estimates, we show both empirical and estimated distributions for some selected office markets across different continents. Overall, the six example years of office property market returns in the countries with the largest real estate markets across four continents show that 20 out of 24 distributions are almost perfectly represented by the fitted stable distribution. With regard to the other countries, we can see from Table 1 that a vast majority of annual return sets are represented very well with the estimated parameters, even on grounds that the Kolmogorov-Smirnov test apparently often rejects the null hypothesis when the probability of the mean is overestimated. This result of very good fits holds for other sectors as well, as can be seen from Tables 2 to 5 . Naturally, the other sectors have lesser results for interpretation, since majority of the property belongs to the office sector.
With a particular focus on the tail index, we turn to the estimates of the parameter α. The tailedness of markets appears to change according to market movements. A similar observation is noted for the scaling parameters. However, the interplay with the tail index is of much interest to us. For example, while the UK office market has scale parameters of 7 or higher for most years, on the contrary, Switzerland has scale parameters estimated to be above 3 only twice since 2002. While this is not surprising since Switzerland is known to be a very robust, conservative, and fairly closed real estate market, tail parameters well below those for the UK are observed. This might lead to concerns about the reliability of the estimates, especially since we only had 167 observations for Switzerland at the beginning of the reported time span (2002). However, discussions regarding the tail parameter and leptokurtotic distributions must be done after considering two important facts.
First, not only does the measure of kurtosis tell us about the tail weights of a distribution, but it is also a result of the curvature around the mean. Thus, very high concentration of probability at the peak and a steep decrease around it, in combination with high tail probabilities, may facilitate the low parameter estimate of α. Second, and more important, is the interplay with the scale parameter. This is evidenced by the risk measure expected tail loss as well 10 . At the 95% confidence interval, the expected loss is -35.83% for UK and -27.04% for Switzerland. In conclusion, it can be noted that the results for Switzerland are in no way estimation errors, but a result of the curvature of the distribution.
The notion of a relatively more solid market in Switzerland is not questioned, but strongly confirmed, by our results.
Overall, the stable distributions perform very well in explaining the distributions of total returns.
For the year 2012, the null hypothesis is rejected only in three out of 22 cases. Consequently, in 86 percent of the examined countries, the test does not reject the assumption that the fitted and empirical distributions are the same. This coupled with the fact that apparently most rejections are the result of an overestimation of the mean, as seen for the UK office sector in three of the last six years, we conclude that the estimations provide highly reliable results for the parameters.
For the other sectors, the results are comparable with respect to variation over time and between countries. There are variations in parameter results between sectors within a country and year as well. However, while the parameters between sectors do not differ much in some years, there are large differences in other years. We consider this a reasonable result, as effects from financial market and macroeconomic developments may have varying strength in respective sectors. This depends on the country and year under consideration as well.
Further Examinations and Implications
With data on income returns and capital gains, one can examine whether the stable distributions fit the two components of the total return comparably well. From Tables 6 to 10, we can see that the income return distributions are fitted considerably close by the estimated stable distributions.
However, capital gains do not appear to be equally well described by the stable distribution fits. This is apparent in Tables 11 to 15 . From the estimation of parameters for income returns and capital gains, we obtain results that correspond to observations from the distribution fitting for total returns.
In this context, there is time variability and dispersion both between countries and sectors.
The result of the distributions that appear less leptokurtotic and therefore, somewhat higher estimates for the characteristic exponent α of income return distributions, is in line with the findings of Richter et al (2011) for Germany. They also report a more erratic behavior for the characteristic exponent in capital gains estimations. We can also make a general observation in this regard, although the overall fit of estimations is less precise than the counterparts for income and return. Regarding the relation of parameter estimates, we can see from Figure 5 that the characteristic exponent of total returns is more in line with that of capital gains than with that of income returns. This figure shows all the estimated characteristic exponents of the office sectors for the three datatypes. The scatter plots indicate that the tailedness of total returns is merely driven by the capital gain tailedness, than by large deviations in income returns.
All the results offer a clear answer to the question of whether the characteristic exponent is constant over time or not. We found time-varying estimates that are in line with Richter et al (2011) It is interesting to analyze the differences between the various sub-sectors and countries. Figure 1 in particular reveals the diverse shape of the distributions. It is doubtful whether other distribution types would be capable of being fitted to these highly tail-dependent distributions. Moreover, tests for normal distribution of returns would make less sense for comparative reasons, given our results and because the normal distribution is a special case of the stable distribution-therefore, it could be obtained from our estimations anyway.
14 The discussion on characteristic exponents and scale parameters highlighted a significant aspect.
While tail weight is a crucial factor when it comes to evaluation of the riskiness of markets, it is not the only important factor. Scale parameters determine the width of the distribution, and are a crucial determinant of return dispersion. In this context, the example of office return distributions in the UK and Switzerland is highly explanatory. Therefore, we should be cautious about judging market riskiness solely on the basis of the characteristic exponent.
Conclusion
The study clearly met the aim of estimating stable distributions for real estate returns towards answering the question regarding differences over time, and across countries and continents. Not only can variations over time be observed, but they are also in line with market movements and global developments. For example, the recent global financial crisis and the ensuing economic slump have an effect on parameter estimates, and as a result, more tailedness and higher dispersion is found for respective years and markets. Furthermore, differences with respect to riskiness and variation, as It is yet to be found how the distributions would be shaped then and whether they will still exhibit the characteristics that make stable distributions necessary.
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Fig. 1: Empirical and Fitted Stable Distributions
The graphs show the empirical and fitted distributions for the main office markets of four continents for the recent six years, i.e. 2007 to 2012. In the caption it is indicated whether the two-sample Kolmogorov-Smirnov test rejected the null hypothesis of similar distributions. The graphs show the box plots for the characteristic exponent parameter estimates and how they are dispersed. Here, the results for the office sector for four example countries are shown. The dispersion was calculated by bootstrapping the parameter estimates with 1.000 draws.
Fig. 3: Parameter Box Plots Over Time, Industrial
The graphs show the box plots for the characteristic exponent parameter estimates and how they are dispersed. Here, the results for the office sector for four example countries are shown. The dispersion was calculated by bootstrapping the parameter estimates with 1.000 draws.
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Fig. 4: Comparison of UK and Switzerland Office Markets
The graphs show the empirical and fitted stable distributions for the UK and Switzerland. The captions include the parameter estimates and expected tail loss for comparative reasons.
Fig. 5: Relation of Estimates for the Characteristic Exponent
The graph shows all estimates of characteristic exponent parameter estimates where the total return estimates are put in relation to income return and capital gain estimates. Here, the results for the office sector are shown.
Tab. 1: Estimation Results for the Total Returns of the Industry Properties Sector
Notes: α and σ are the estimates for the characteristic exponent and the scale parameter of a stable distribution. H takes on a value of 1 when a two-sample Kolmogorov-Smirnov test rejects the null hypothesis that the fitted and empirical cumulative density function for the respective country and year are of the same distribution and 0 otherwise. 
Tab. 2: Estimation Results for the Total Returns of the Office Properties Sector
Tab. 3: Estimation Results for the Total Returns of the Retail Properties Sector
Tab. 4: Estimation Results for the Total Returns of the Residential Properties Sector
Tab. 5: Estimation Results for the Total Returns of the Other Properties Sector
Tab. 6: Estimation Results for the Income Returns of the Industry Properties Sector
